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ABSTRACT

In this report experimentatiofbased comparisons are made between different
feature detection methods. The main goal is to find the most computationally
efficient featue detector that can still produce a considerable number of key points,

in the calibration framework used by Cyclomedia. The methods are tested on image
sets called Cyclorama, i.e., panoramic images produced by Cyclomedia. In our
conclusions: for all pairsf the images, SURF was the most efficient method. It
produced almost the same number of features and matches as SIFT. The difference
between the computed boresight orientations using SIFT or SURF is minimal.
Compared with SURF, in average, SIFT perfbetter in terms of the number of key
points, but the computational time is less efficient. In addition, we also did a small
experimentation with ASIFT, which we found inferior in terms of speed and the
number of key points compared to SIFT and SURF foipaooramic data sets.
Furthermore, the experiment showed that more matches are found if the distance
between the panoramic images is smaller.
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INTRODUCTION

Image comparison and feature detection drequentlyused inmanyapplicationsof
computer vision With the huge amount of data stored for companies and personal
use, i@ more important to extract inforation from this visual dataHumans are
very visual and caextract visual information very fasfThe last decade computers
have become more advanced and can process data fa€tee.important step is the
extraction of important information from images this papera comparison will be
made between differenimethods to extract features from images. These features
are uniquely defineckey pointsin an image and can besed to match different
images and other important purposes such as object recognitiod anage
alignment.

The images used in this experiment are all panoramic imegksd Cycloramadhe
images are made available by Cyclomealia are taken from the top of adriving

car. Theseimages are used for 3D reconstruction by generating a pdintdcusing a
Bundle Adjustment. Furthermore, the images are used to calibrate the cameras by
calculating theboresightorientation of the cameras on the car.

In this paper we will make a comparison between different feature detectors. The
experiments aresplit into two parts. The first experiment will focus three feature
detectors: SIFT, ASIFT and SURF. These detectors will be tested on the number of
features, matches the metods generate and the time it takes to compute the
features andmatdes.

Forthe second experiment only two detectors will be tested, namely SIFT and SURF.
The experiment will be done using the calibration framework from Cyclomedia. The
experiments will give us results for every important step in the process to see how
SURF perfons compared to SIFT. We will look at the number of features, matches,
point cloud, bundle adjustment results, computédresightand distribution of the
points. With these results we can compare the feature detectors, and see if SURF is
as reliable as SlIkhile decreasing the running time.

The structure of this paper is as followed. First #ilethe feature detector methods
will be explainedin detail Then thecalibration famework of Cyclomedidor the
second part of the experiments will be describedpsby step. After this théwo
experiments the feature detectors comparison and the framewadmparisonwill

be describedThe expectations are statefbr both experiments The results will be
split up for the two separate experimenénd will be desdbed for every step in the
process. These results will then be analyaed discussed. The final section will be
the conclusion for the whole experiment and some general discussion points.



METHODZ SIFT

SIFT or Scale Invariant Feature Transff8iris an algorithm to detect features in
images,and is the widely used algorithm in object recognition, robotics, image
stitching, etc. SIFT consistsfofir main stepsto find the features These sps are
the producing of key poincandidatesthe filtering of key points and detection the
orientation of these key pointand the generating of the key point descripto/ster
finding the featuresa descriptor is created for matching purposes.

SCALESPACE EXTREMA DETEI®IN

The firststep in the SIFT algorithm is to find teelientpoints in theinput image.
These points are the minima and maxima found in the Difference of Gaussian
images. These images are createdoiojyldingan image pyramid of Gausskiaturred
images of the originawith different scales. The pyramid consists of different
octaves. In an octave the image is blurred more and meee Figure1). The
Difference of Gaussian images are created by taking the difference of the
neighboringimageseach octaveseeFigure2). In these DoG images the extrema are
found by looking for each pixel in eight neighborhood pixels of the current scale
image and in nine neighborhood pixels in the neighboring scale imadks.dixel 5

a minima or maxima the pixel is a candidate key point.

Figurel: part of an octave of the Gaussian Pyramid

Figure2: difference of Gaussian images from different octaves. The image contrast
hasbeen enhanced to clarify the image.

KEYPOINT LOCALIZATION

Some of he candidate key points found ilé previous step will banstablefor the
later matchingprocess The next step will try to eliminate these unstable points. The
points will be rejected o low contrast of bad localization along an edge.

The first step is to localize the key point more accuratéfis is done by
interpolating using the quadratic Taylor expansioh the Differenceof-Gaussian
scalespace function with the candidate key pbias the originlf the offset is larger



than 0.5 in any dimension, that is an indication that the extremum lies closer to
another candidate key point. If this is the case, the candidate key point is changed
and the interpolation is performed about the wekey point. Otherwise, the offset is
added to its candidate key point to get the interpolated estimate for the location of
the extremum.

Once we know the correct position we can eliminate the low contrast key points
using the seconarder Taylor expansiorif the value is less than 0.03 the key point
is discarded.

Finally the key pointshat have a strong edge response will be eliminated. This is
done using the principal curvatur&inding the principal curvature is done using the
eigenvalues of the secdrorder Hessian matrixThe ratio of the two eigenvalues of
the secondorder Hessian matrix tells us if the key point is poorly localized on an
edge or not. This step corresponds to the corner detection step used in other feature
detection algorithms.

The result of he previous stepss shown inFigure3.

Figure3: white dots are the extrema, green dots are the key points after discarding
the low contrast points and the red points are the key poinfs déter discarding
the poorly located strong edge response key points.

ORIENTATION ASSIGNMEN

Up till now the scalespace strema detection and the localizatiohave given us
stable key points which are invariant to scale and location. To make the keis poi
invariant to rotation we assign a dominant orientation to each key poliisis
found using the Gaussidnlurred image at the scale of the key point. For each key
point the orientation and magnitude are computed

By ding this for all the neighboringixels an orientation histogram is formedhis
histogram contains 36 bins and each bin covers 10 degrees. The histogram bins are
weighted using the magnitude and the Gaussmgighted circular widow. The peaks

in the histogram are the dominant orientatis. If there are multiple dominant
orientations new key points are added at the same location and scale as the original
key point.



DESCRIPTOR

For each of theremaining key points that are left a descriptor is made. This
descriptor is used for the matchingf key points and has to ensure that the key
points are invariantto other variations like illumination, 3D views, etc. The
descriptor consists of aumber of 8 binhistograns. Eachhistogram is filled with
image gradientmagnitude andorientation aroundthe key point location at the
correct scale. The coordinates of the descriptor is rotated to the dominant
orientation found in the previous stef.he gradient orientation is weighted using a
Gaussian window. The final resultais 8 bin histogram with thenagnitude and the
orientation, seeFigure4. This is done for a number of sub regions around the key
point. In SIFT there are 4x4 sub regions. This results in a 4x4x8 = 128 descriptor size.
With this descriptor it is possible toatch key points to onanother.
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Figure4: SIFT descriptor [3], example of a 8x8 set of samples (left) and a 2x2
descriptor array of orientation (right).

ASIFT

ASIFT of Affine ScdlevariantFeature Transfornfi2] is created as an improvement

of the original SIFT algorithrithe main idea behind ASIFT is to add more invariance
to the algorithm. ASIFT adds the affine camera model to SIFT to make it possible to
match features between images with ratherde tilts.

ASIFBimulates the affine camera by applying a finite number of affine distortions to
the images which will be matched. The distortions depend on two parameters: the
longitude%oand the latitude—and are causedby a directional sub samplingAll the
simulated images are then compared using the SIFT. These steps are all done on a
low resolution version of the original images. When the best match is found and
therefore the best tilt is found, the original high resolution images are transformed
and matched again using the SIFT algorithm.

METHODZ SURF

SURF or Speeded Up Robust Features is developed to speed up the feature detecting
process using SIFT as a base algorithm.d€kelopers[1] had thegoal to develop

both a detector and descriptor which can be computed and matched faster. SURF
detector is based onntegral images anthe Hessian matrix. The detector uses a



very basic approximation of ¢hHessian matrix which is called the 'FHstssian’
detector.

INTEGRALIMAGES

Integral images are used by SURF for they allow fast computation of box type
convolution filters. The entry of an integral imad®(@) at a locatiom= (& w)
represents tle sum of all pixels in the input imad@vithin a rectangular region
formed by the origin anda

Once an integral image is computed it takes three additions to calculate the sum of
the intensities over any upright rectangular area, $égure5. With this method it
does not matter how big the arelais.

0)

e A

Figure5: calculation of the sum of the intensities inside the rectangular area. The
calculation costs only 3 additions and 4 memory accesses.

FAST-HESSIANDETECTOR

The detector is based on the Hessian matrix because of the good performance in
computation time and accuracy of this matrix. The Hessian matrix is used for
selecting the location and the scale for the interest points. The Hessian matrig)H(x,

is defined as follows:

Oan(@, ) Ogg(G3,,)

Oy = g@n) Baplcan)

where 0g,(@, ) is the convolution of the Gaussian second order derivative with the
original image | in point x. The Gaussian approximation is further sindpliieg box
filters. The box filters approximate the second order Gaussian derivatives and can be
evaluatedconsiderablyfast using integral images.

A pyramid is created by applying the box filters on the original image. The filters are
of different size to analyze the scafgpace. The sigma ranges from 1.2 (9x9) to 3.6
(27x27).

The localization of the interest point is done by finding the local maxima over a
3x3x3 neighborhood. The maxima of the determinant of the Hessian matrix are then
interpolatedin the scale and image space.



DESCRIPTOR

The descriptor is based on the neighborhood of the location of the interest point. A
square region is centered and oriented along the dominant orientation. The size of
the window is 20. This region is split up #x4 sub regions. For the sub regions 5x5
Haar wavelets are computed in horizonfaband vertical direction€ The wavelet
responses are summed up over each sub region to form a first set of the feature
vector. Also added to this vector are the ahge values of the respons¢€. and

|xy. Each sub region has a fedimensional descriptor vector. This results in total
vector length of 4x4x4 = 64. The descriptor is converted into a unit vector. This
descriptor is invariant to a bias in illumima@h and contrast.

CYCLOMEDIAFRAMEWORK

The framework which is used to calibrate tb@mera systemat Cyclomedia consists

of multiple stepsThese steps are shown igure6: Framework Calibration Process
The steps will be expleed in detail in the next sections. As input a set of
approximately70 images are used in combination with GPS position and orientation.
The final result will be an improved position and orientation per inistg¢ion and

the boresightorientation of the mameras.

Original . Feature N Pairwise
Images detection -/ Matching

Sparse Bundle ) i — Chain
Adjustment Q- Matching

Bare Sight l

Figure6: Framework Calibration Process

FEATURE DETECTION

The first step in de whole framework is to extract all the features per images
step can be done with eitheBIFT or SURF. The result of this step is adisinpage
with all the feature points including location, descriptor and additional information
about the point. This information is used in the next step, the pair wise matching.

PAIR WISEMATCHING

The pair wise matching steps tries to match all the insage their neighboring
images. This means that an image can be matched with more than 2 images. In this
matching step two images amatchedat a time. The matching is done using the
descriptor found in the previous step. The descriptor is a vector wiéimgth of 128.

The distance between the descriptor is computed using aligfance function.
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Matches are accepted if the distance is smaller than a set threshold and the ratio
between the two nearest matches in bigger than the distance ration thresHdiel.
result of this step is per pair a list of matched key points.

EPIPOLARCONSTRAINT

To reduce the number of features to match the pair wise matching process,
features are matcéd if they satisfythe epipolar constraintin other words, aly
features lying within a threshold from the epipolar line are matche@he used
threshold is relatively big because the initial orientation of the stations is
approximated. Usinghis constraint reduces the number opairs of features to
matchsignifically. The epipat geometry and the epipolar line are showrFigure?,

the epipolar line is in red

Left view Right view

Figure7: Epipolar Geometry, the epipolar line is in red

ESSENTIALMATRIXFILTER

After the set of matches are compmd using the features and the epipolar line
constraint, the next step is to filter these matches using the essential matrix. The
essential matrix i3x3 matrixand is given by a 3x3 rotation matfkand a 3
dimensional translation vectan

0= Ydo

¢CKS F2ft26Ay3 F2NNdz I+ A& (NUz2S 46KSy @&
scene.

@ om=0

Because this formula never really is equal to zdte to outliers and noisea
threshold - is used, which results in the following formula:

o o= -
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The essential matrix is used because of the-perspectiveproperties of the images
used at Cyclomedia. The essential matrixessimated by usinghe eight point
algorithm[14]. The best estimation is chosen using RANBAT

CHAIN MATCHING

The chain matching step combines the matches between the image pairs and
constructs a chain of images and with that a point clofithe image setThis step is
essential to the generation of the point cloud. By combining the images into chains
the found matches can be used to construct 3D points. These points make up the
point cloud used in the Sparse Bundle Adjustmdiite chain mathing process can

be divided in two main steps: chain generation and point reconstruction.

CHAIN GENERATION

In this step the match chain is constructedhis is done byoining the pair wise
matches which each other. This results in chains. This step toi join as much
images as possible to get long chains.

POINT RECONSTRUCTION

From the match chain a point cloud is reconstructed. This is done by using the
location and orientation of the images and the epipolar geometry between the
images in the chainA point has to be in at leashree images to construct a 3D
point. Using three or more points, a 3D point can be localized using triangulation.
Thereprojection errorof the found pointshould not be bigger than a set threshold.
Thiserror isthe geometiic error corresponding to the image distance betwebe
projected point andhe measured oneThe points that satisfy these constraints are
added to the point cloud

DECIMATOR

This step in the framework is done for practipalrpose only.The number of pints

in de point cloud is too largéo put into the Bundle Adjustmenteveloped in
Cyclomedia Therefore the image points are put onto a grid overlay on the image.
Each grid has a weiglependingon the spherical properties of the imagBer grid

cell amaximum number of image points aaxcepted. A threshold is set for the
maximum number of pointthat are accepted for the whole point clou@he rest of

the image points are deleted. This results in a well distributed point cloud to put in
the SBA. By deting image points it is possible that a 3D point is removed as no
more image points remains.

SPARSEBUNDLEADJUSTMENT

This step performs a Sparse Bundle Adjustment (SBA) on the computed point cloud
in the previous steps. The main goal of the SBA isitenmize the reprojection error
between mage locations of image pointShe SBAries to estimatethe location and
orientation for every image in the image sahd computes the locations for all the
object points

BORESGHT ORIENTATION

The Ioresight orientation is the alignment of the camera systems used by
CyclomediaTheboresightorientation can be computed from the information given
by the SBA result3he SBA gives the orientation for the two camévaand'Y,. The

11



relative boresight orientatin 'Y, g, of these two cameras can be computed as
follows:

Y=Y EY

The relative boresight orientation can then be used with the mechanical designed
boresight orientationof the front camerato calculate the boresighbrientation of
the back camerasing:

Ya = Yoam €Y

In Figure8 a schematidop view of the camera system is given. The red line is the
direction of the positioning system of the car. The canseoam top of the camare
slightly tilted in yaw, pitch and roll orientations. This orientatiomgiigenrelative to

the directionof the positioning systenof the car.The direction of the positioning
systems is designed to correspondent with the driving direction of the car.

Figure8: Schematidop view of @amera orientation on the camerdhe red line is
the direction of the position system.

EXPERIMENTATIONS

FEATURE DETECTOR COKRISON

For the first experimentationsve used fourdifferent image setsEach set contains

at least three pairs of images. The sets differ in setting and in distance between
images The distances per set are shown in AppendiX #e three method are all
tested with those image set. The results from theseexperiments contain
information about the speed, number of feature points and number of match points.
Furthermore we look at thespatialdistribution of thefeature points in the images,
due to its importancdor the geometric reconstruction.

FRAMEWORKCOMPARISON
Forthe secondexperiment we are going to compare the results of using SIFT and
SURF for feature detection. These features will be usedthan Cyclomedia

12



Framework as describe i€yclomedia Frameworkection We will bok at the
improvement of the position of the stationand the time it takes to rurthe
framework We define this improvement of the position as tb#ference between
the resultsof the framework with SIFT and SURarthermore it is important that
we look at the time the different steps of the total process takée main goal is to
improve the running time while maintaining the same position improvement.

Therefore the main question wiatend to answer is the following:

Does SURImprove the running timeof the full BAwhile maintaining the position
improvement in comparison to SIFT?

To get the answer to this question a few sgibestions need to be answered:
1. How much faster is SURF in comparison to SIFT?

2. How is the improvement of the position of stationsith SURF in
comparison to SIFT?

The results of the experiments will consist of the improved position and orientation
and deviation of the stations (X, Y, Z, Yaw, Raldl Pitch for SIFT and SURF. By
comparing these results witbach other we can tell low well SURF has performed
in comparison to SIEFT

Furthermore we will look at thé&oresight orientationand the difference between
the boresightorientationscomputed by SIFT and SURF.

The timein combination with results describedvill tell us if SURKnproves the
results of the BA in comparison with SIFT.

To answer the main question it is important to look at the percentage that SURF is
faster and improves the result in comparison to SiFelget the total picturave will

look at all the different steps of the frameworkto come to the final result. This
includes the number of featuremnd matcheghat are found by SIFT and SURF and
the time it takes to do this.

We will also look at some other facets the framework and SURF. We will
experiment with he Hessiarthreshold in the SURF algorithm. We will also run the
framework while removing the Decimator step.

To see how the points are distributed in the final point cloud we analyze this point
cloud. We do this by laying a 3D grid over the point clood @t every point to a cell

in the grid. We can then count the number of points in every cell and count the
number of cells that are filled. The more cells filled the better. We can compare the
SIFT and SURF point cloud.

EXPECTATIONS

FEATURE DETECTOR COMRISON

Before the results of the experiments are presentede will discuss a few
expectations of the performance for the different feature detectors.

13



SIFT is a @l known feature detector and has provéer handlingall sorts of images
includingpanoramicimages.

ASIFT is a relative new extension to SIFT and seblagohandle a lot of images
were SIFT and other detectors fail. The main problem with the images which are
used in this experiment is thahere are no significanttransformatiors between
imagesi.e. the images really look alik&his means that the extra processing time of
ASIFT will not bringhg better matchcompared toSIFT.

The use of integral images, the fdsessian detector and the smalldescriptorsize
will make SURF faster tharF3IThis meanshat the computation time for finding
the feature is less, but also that the matching time will be less. The questibn is
SURF wilprovideenough key points while being faster than SIFT.

FRAMEWORK COMPARISON

As was concluded in our preus experiments SURF is significantly faster than SIFT
and computes almost the same amount of matches between images. This tet
believe that SURF will improve the running time of the ¢alibration framework
significanty and the improvement of theposition of stations will not decrease
significantly in comparison to SIFT.

From our previous research we can conclude that SURRedimesfaster than SIFT

in the feature detection step. The number of matches SURF finds iaverage
12.8% lessthan SIFT. This will not mean that the improvement will alsolB&8%

less. But it can be expected that the improvement will be somewhere between 10%
and 15% less.

By increasing theHessianthreshold less features will be found, therefore less
matches will becomputed, and the point cloud will be less dense. This can also be
expected ice versa with decreasing the threshold.

With a lowHessianthreshold more features will be found. These features will not
always be good, stable features. This can result in fewatches and therefore a
worst calibration result.

In contrary, ehigh Hessiarthreshold may result ifiewer pointsand there for agood
calibrationis not possible

RESULTS

The results are split up in the two different experimentbe feature detector
comparison and framework comparisolhe analysis of the first experiment will be
given with the results. For the second experiment the analysis is inAtiaysis
section.

FEATURE DETECTOR COMRISON

REsuLTsz SIFT
The SIFT implementatiome used is theoriginal one from David Lowé].

The results of SIFdre shown in the next graphs. The first two graphs show the
number of features which are found and in what kind of timeframe. The number of

14



found featuredlie between 4920and 16139.The main cause of this difference is the
setting of the image. Trees in images generate a lot of key points. This is most visible
in the image set taken in VlaardingeseeFigure9.

The time it took to compute the tdures lie between 13 and 19 seconds. With
newer implementations this could be lowered.

The matching taskwhich isdone bymatching algorithmand based on Lz2listance,
greatly depends on the number of features to match. This is clearly visible in the
graph. The number of matches that afeund by SIFTie between747 and 3550.
There is an average of 83 % features that are matched.

The detected features are found in part of the images where there is a strong
contrast/texture. Because of this parts ghages contain a lot of points and other
parts contain no key points. This lack of key points is most visible in the sky, but also
objects like a road contain few key points.

Figurel0: matches found by SIFT algorithm

15



SIFT: number of features
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SIFTnumber of matches
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REsuLTsZ ASIFT
To test ASIFT the library from the original authptswas used. ASIFT is relatively
new and the implementation is still ebeta version.

The resuls by usingASIFTare the worst of the three methodsThe algorithm is
considerablyslower than the other methods This is mainly because of the two
phasesin the algorithm The first low resolution loogiakes an average of.86
minutes. When there are not enough matches found in de low resolution |t
high resolution loop will match all the imagagain Therefore all the features are
computed on he high resolution images aritiese featureswill be matched. The
second loop @kes an average of I47 minutes. This makes this algorithm not useful
for the calibration framework used at CyclomediBesids, it takes considerable
time to match the images anthe number of matches that are found are minimal.
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Thenumber of matches irthe high resolution loop iBetween 108 and 335. This is
ten times less that SIFT finds.

The results can bexplained by the idea behind ASIFT. ASIFT is created to deal with
affine transformations. In the imagese used in this experiment there are no
significant transformations between thevio images. Therefore g¢ould happen that

in the low resolution pass incorrect large distortion result in the most matches. The
found best distortion is used in the high resolution pass. This pass can than result in
abad matching result. For the images used no large distortion is necessary.

The distribution of the key points are not different fraimose of SIFTThere are no
key points in the sky area and other parts of the images are empty

Figurellshows a match result using the ASIFT method.
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Figurell: match result using the ASIFT method
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Graph6: ASIFT: number of matches

REsuL1sZ SURF

SUREF library that was used is the library from OpedC&nd not theoriginal code
from [5].

SURF is much faster than the other two algorithms. The feature detection part of the
algorithmwasbetween 146 and 194 seconds. The number détectedfeatures are
almost in the same range #isat of SIFTThe number of featurewasbetween 4905

and 13122 features. So for the speed of the algorithmmahykey points are lost.

The matching algithm was also faster than the otherwo algorithms. The time,
again, greatly depends on the number of features found in the first step of the
method. The reason SURF algorithm is faster in the matching task can be explained
by the smaller descriptor sizélhe descriptor is twice as small as the (A)SIFT
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descriptor. The number of matched points lies between 675 and 291&re is an
average of 269 % features that are matched.

The distribution of the key point is not different @h the other methods. An
example can be seen iRigurel2. The key points lie on high contrast points.

Figurel2: key points found by SURF method.

SURF: number of feature:

14000 -
12000 e N\
10000 \
8000 WI \
2000 e~
4000
2000
0
u S © >
e}QzQ}Q}QzQi}QQ‘Q?&"g'Q?&é'ol}./@"g'o?&"g'o /.\0"5'(\? 9Q 9’» 9Q} I)’Q’? I)’Q? &@é>&@é}&@&?&@é/
S &S ﬁo& fz;b& @‘b fb’s\b fz,’s\b *o"& *o"& ~o"& *o"& F 8
L S RN N AN R Y

— Features image 1 —Features image
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SURF: feature detection time in se
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Graph8: SURF: feature detection time in sec
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Graph9: SURF: number of matches
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SURF: match time in se
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Graph10: SURF: match time in sec

COMPARISON

In the graph below the number of matches are combined in one graph. In gy gr

it is clear that ASIFT did nptoduce enough matches to keep up with SIFT and SURF
SIFT and SURF are very clogen we look at the number of matches the two
methodsgeneratal, but there is one big difference between the two methods. This
can be seeiin the next graphs. Because of the rather large difference between ASIFT
and the other two these are separated. The difference between SIFT and SURF does
not lie in the number of matches, but in the time it takes to compute these matches.

Another thing which can be seen in the results is that when the distance between
images is greater there afewer matches found.

The spatial distribution of the matches for all the methods is the same. All the
methods have trouble with parts of the images with low aast and texture. These
are areas like shadows or the sky.
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